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Abstract:

Extension of monitoring coverage may be achieved using low-cost air quality sensors, but this may lead to systematic
differences in their measurements from reference sensors and/or affect their variability, calibration accuracy, and
measurement agreement, temporal aggregation may affect their variability, calibration accuracy, and measurement
agreement. This study assessed how 10-, 30-, and 60-minute temporal resolutions influence multivariate calibration,
cross-sensor agreement, and chronological predictive performance for NO: and Os measurements. Correspondence of
paired reference and low-cost sensor observations was assessed by the time stamp, descriptive statistics, Pearson and
Spearman correlations, simple and multivariate ordinary least-squares calibration, Bland—Altman agreement, and
proportional-bias analysis. Environmental covariates (temperature and relative humidity) were included, and
heteroscedasticity and autocorrelation were addressed by using Newey—West inference. Temporal generalization was
evaluated using chronological 80:20 validation. Weak negative cross-sensor correlations were found for NO., while the
correlation of Os was found to be increasing with time from 0.352 after 10 minutes to 0.446 after 60 minutes. A greater
improvement was obtained for Os using multivariate calibration, and its highest R? value was obtained at 30 minutes, with
an R?value of 0.382. Temporal aggregation generally decreased calibration errors and narrowed the agreement limits,
although Os retained substantial systematic bias. Chronological test R? remained near zero for NO: and negative for Os
across all temporal resolutions. These results show that temporal aggregation can improve statistical stability and
calibration accuracy without necessarily improving temporal generalisation.

Keywords: low-cost sensors, temporal aggregation, multivariate calibration, Bland—-Altman agreement, air-quality
monitoring
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1. Introduction:

Air-quality monitoring is essential to understand the nature of air pollution, to track changes in pollutant levels with time,
and to inform environmental management decisions based on science. Regulatory monitoring stations are expensive to
install, operate and maintain and offer high-quality measurements, but can limit the number of monitoring stations. In
recent years, the Internet of Things (IoT) has emerged to provide opportunities for spatially distributed and continuous
monitoring, where modern architectures combine sensor networks, data transmission, data processing and analytics, and
automations for air-quality assessment systems (Garcia et al., 2025) Low-cost sensors (LCSs) have thus gained significant
importance as an additional monitoring technology, as they potentially enable the observation of the atmosphere over
longer periods and with a much larger deployment density than conventional instrumentation (Liu et al., 2020).
Equivalence with reference measurements does not necessarily imply greater accessibility. Low-cost air-quality sensors
have been compared in terms of their performance with varying degrees of success, showing significant differences in
accuracy between sensor types, pollutants, operating conditions and evaluation settings (Karagulian et al., 2019). This
variability is especially relevant when the concentration changes are represented by the measurements made by the
sensors. The concentrations of atmospheric pollutants are the result of dynamic interaction between emissions, dispersion,
meteorological and local environmental processes. Mathematical representation of industrial emissions is shown to be
important in quantifying these processes when evaluating the quality of the atmosphere, because the dependence of the
atmospheric-air quality on the industrial emissions is clearly illustrated by mathematical modeling of these emissions
(Lukyanets et al., 2023). The role of observation- and computation-based frameworks of increasing detail for describing
changes in atmospheric composition, both temporally and spatially, has also been highlighted in the advancement of air-
quality modelling and forecasting (Baklanov & Zhang, 2020). A reliable use of the LCS observations will thus necessitate
a statistical evaluation of the closeness of the observations to reference observations for different situations.

The focus of this assessment is calibration, since the raw sensor response may be influenced by the environment and/or
the measurement properties of the sensor. Calibration, environmental sensitivity, sensor aging, deployment conditions,
and data quality procedures are still key factors in the performance of measurements with outdoor LCS deployments
(Okorn & Iraci, 2024). Multivariate statistical modeling offers a useful method that uses pollutant concentrations as part
of a model that also includes applicable environmental conditions as predictors. This research approach is broadly
supported by spatiotemporal air-quality research, where multivariate regression has been used to quantify relationships
between air-quality pollutant concentrations and climatic variables, and by seasonal variations (Tella et al., 2021). The
use of more complex machine-learning methods for modelling outdoor air quality is also becoming more common, but
the benefits of such models should be evaluated against the interpretability of the model and the nature of the
measurements used to model the quality (Rybarczyk & Zalakeviciute, 2018).

Assessing the performance of the calibration also means distinguishing between association and agreement. A high
correlation does not necessarily mean that the two series of measurements are similar enough. To address this difference
Bland—Altman analysis quantifies mean differences and limits of agreement and can be systemically and quantitatively
examined in terms of mean differences and limits of agreement between the measurement methods (Dogan, 2018). The
distinction is important for LCS applications since the selection, deployment strategy and data quality features of the
measurements could significantly affect the suitability of sensor observations for the following exposure modeling (Bi et
al., 2022). Previous research into low-cost monitoring that could be applied in practice also showed that calibration,
validation, data interpretation, and characterization of sensor performance were all key requirements for the use of sensors
in practice (Clements et al., 2017).

A statistical view on calibration and agreement can be added thanks to temporal resolution. The longer the time scale of
the aggregation the less likely it is that short term variability or measurement noise will influence the result, but the longer
the time scale the greater the chance that the correlation structure, calibration error, and apparent agreement with the
reference instruments will change. The widespread adoption of low-cost sensors for exposure assessment and air quality
led to an understanding that characteristics of measurements impact interpretation of the information provided by the
sensor (Morawska et al., 2018). This is especially true for gaseous pollutants like NO2 and Os. Low-cost NO2 and Os
stations have been calibrated and validated and have proven useful for monitoring networks if their responses are properly
characterized and calibrated to reference readings (Cavaliere et al., 2023).

Although significant advances have been made in the assessment of LCS, the accuracy of calibration, cross-sensor
association, agreement of measurements and temporal resolution are still treated separately. There has been less focus on
the consistency of changes resulting from temporal aggregation across the three measures (correlation, multivariate
calibration, agreement, and out-of-sample). When temporally ordered environmental observations are heteroscedastic and
serially dependent, special caution must also be exercised in making statistical inferences. Thus, a combination of
statistical regression inference and agreement analysis and chronological validation can give a more comprehensive
evaluation than the use of correlation or in-sample goodness of fit.

The objective of this study is to quantify the dependence and agreement between low-cost and reference NO: and Os
measurements at various temporal resolutions; to assess the performance of robust multivariate calibration including
pollutant measurements, temperature and relative humidity; and to quantify the effect of temporal aggregation on
calibration accuracy, agreement between the low-cost and reference measurements, and chronological predictive
performance at various timescales (10, 30, 60 minutes).
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2. Materials and Methods

2.1 Research Design

The study used a quantitative statistical calibration design to assess agreement between measurements of air quality from
low-cost air quality sensors and the reference monitoring observations. The analysis was focused on the NO: and Os
pollutants as both pollutants were available in paired form for the temporal resolutions of 10-minute, 30-minute and 60-
minute. The methodology involved testing distributional behaviour, cross-sensor association, multivariate calibration,
model stability, agreement and the impact of temporal aggregation. Focus was given to statistical methods of statistics
that are easily understood and not overly complicated, such as black-box prediction.

2.2 Data Source

All the data were taken from paired measurements of regulatory air-quality monitoring and low-cost air-quality monitoring
in Bulevar Sur, Valencia, Spain (Meneses Albald et al., 2025). The files included measurements of pollutants and
meteorological data, both with resolutions of 10, 30, and 60 minutes, and they were synchronized. The variables used in
the study were the reference and low-cost measurements of NO: and Os, temperature and relative humidity.

2.3 Data Preparation and Validity Screening

All files were matched based on the recorded timestamps and not the row position. Timestamps within each source were
duplicated and combined by their arithmetic mean for each time point and paired. Measurements that were not available
at all in the reference measurements were not included. Negative concentrations of NO2 were excluded as invalid and
filled in with missing data. Observations of NO: with negative values were not considered valid and were kept as missing
data. Then analyses were performed on the available paired observations without any imputations of missing reference
pollutant values.

2.4 Descriptive and Correlation Analysis

Descriptive statistics were computed for each temporal resolution for both the reference and low-cost NO: and Os sensors.
These included the number of samples, mean, median, standard deviation, minimum, quartiles, maximum, coefficient of
variation, skewness and kurtosis. Two types of association were used, Pearson correlation and Spearman rank correlation,
for cross-sensor association. Pearson coefficients were used to assess linear relationships, while the Spearman coefficients
were used to assess a rank-based measure which is less affected by distributional asymmetry. Changes due to aggregation
were quantified by making correlations between different temporal resolutions.

2.5 Statistical Calibration Models

For each pollutant, the two pollutant calibration specifications were examined for each temporal resolution. The simple
model only relied on the low-cost pollutant measurement while the multivariate model also included the low-cost sensor
temperature and relative humidity. Ordinary least-squares regression was used to estimate model coefficients. The R2,
adjusted R2, root mean square error and mean absolute error were used to summarize the model performance. To assess
if the environmental covariates were able to explain anything beyond the simple calibration model, nested F-tests were
performed.

2.6 Model Diagnostics and Robust Inference

Variance inflation factors, Breusch-Pagan test, residual-versus-fitted plots, Q-Q plots and the Durbin-Watson statistic
were used to analyze regression assumptions. The predictor collinearity was checked using variance inflation factors and
the heteroscedasticity was assessed using Breusch-Pagan statistics and the serial dependence using Durbin-Watson
statistics. Coefficient inferences were based on Newey-West standard errors that are heteroscedasticity- and
autocorrelation-consistent, due to the presence of non-constant variance and high levels of autocorrelation in the residuals.
Hence, strong confidence intervals and significance tests were provided for the final multivariate models.

2.7 Agreement and Proportional-Bias Analysis

Bland-Altman statistics were used to determine the agreement between the low cost and reference measurement. The
mean difference between low-cost and reference measurements, the standard deviation of the difference and the limits of
agreement (LoA95%) for each pollutant and temporal resolution were determined. Also considered was mean absolute
difference. The difference between the sensor value and the reference value was regressed against the mean value of the
two values to detect the presence of proportional bias. If there was a non-zero slope the size of the disagreement was
systematic over the range of measurement.

2.8 Chronological Validation and Temporal-Resolution Assessment

Model generalization was evaluated with an 80:20 split of the data set, where the first 80% of data observations were used
to model the system, and the last 20% were used to test the model. It was important that the information was not leaked
by the temporal order, so this was preserved. The R?, RMSE and MAE were used to assess test performance. Finally, the
results for 10, 30 and 60 minutes were compared to assess the effect of temporal aggregation on the statistical calibration
of variability, correlation, calibration error, agreement width, proportional bias and out-of-sample performance.

3. Results
3.1 Characteristics of the Student Sample
Table 1 shows the descriptive characteristics of NO: and Os measured by the reference station and low-cost sensor (LCS).
Reference NO2 was similar at 10-, 30-, and 60-minute resolutions from 14.463 to 14.508; and LCS NO: was near 15.24
across all resolutions. All LCS Os means were significantly greater than the reference Os means. Standard deviations
generally decreased with temporal aggregation, particularly for LCS Os. Reference NO: was positively skewed across all
temporal resolutions, whereas LCS NO: showed consistently negative skewness.

Table 1. Descriptive statistics across temporal resolutions
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Resolut | Variabl N Mean | Medi | SD | Minim | QI Q3 Maxim CvV Skewn | Kurto

ion e an um um (%) ess sis

(min)

10 LCS 22,9 | 1525 | 1827 | 6.01 | 0.747 | 15.0 | 18.81 | 18.816 | 39.45 | -1.563 | 0.836
NO- 79 0 0 6 45 6 0

30 LCS 7,66 | 1524 | 1826 | 5.85 | 0.764 | 144 | 18.81 | 18.816 | 38.39 | -1.579 | 0.982
NO: 6 3 4 2 23 6 0

60 LCS 3,83 | 1523 | 1822 | 570 | 0.787 | 14.2 | 18.81 | 18.816 | 37.40 | -1.602 | 1.145
NO: 8 9 3 1 40 6 9

10 LCS 22,9 | 112.3 | 90.44 | 73.6 | 39.246 | 46.7 | 158.2 | 284.78 | 65.50 | 0.893 | -0.300
0 79 77 4 10 38 63 7 3

30 LCS 7,66 | 113.0 | 96.37 | 68.5 | 39.246 | 50.1 | 161.4 | 261.63 | 60.64 | 0.709 | -0.675
0Os 6 13 4 38 35 63 3 6

60 LCS 3,83 | 1133 | 97.84 | 66.5 | 39.579 | 51.7 | 163.2 | 255.76 | 58.69 | 0.648 | -0.764
0 8 07 2 04 28 54 4 4

10 Refere | 21,4 | 14.46 | 9.000 | 14.7 | 0.000 | 4.00 | 19.00 | 97.000 | 101.6 | 1.934 | 3.983
nce 90 3 02 0 0 56
NO:

30 Refere | 7,16 | 14.47 | 9.000 | 14.3 | 0.000 | 4.00 | 18.66 | 92.333 | 99.05 | 1.922 | 3.954
nce 1 6 39 0 7 6
NO:

60 Refere | 3,58 | 14.50 | 9.143 | 14.0 | 1.200 | 4.20 | 18.80 | 92.800 | 96.81 | 1.908 | 3.900
nce 1 8 47 0 0 9
NO2

10 Refere | 22,9 | 52.41 | 58.00 | 26.0 | 3.000 | 32.0 | 72.00 | 92.000 | 49.65 | -0.439 | -0.903
nce Os 79 8 0 27 00 0 3

30 Refere | 7,66 | 54.88 | 59.66 | 24.4 | 8.000 | 37.0 | 72.66 | 96.000 | 44.63 | -0.379 | -0.780
nce O; 6 1 7 93 00 7 0

60 Refere | 3,83 | 55.71 | 60.40 | 25.0 | 8.714 | 37.6 | 73.40 | 97.854 | 44.89 | -0.352 | -0.779
nce O; 8 8 0 13 50 0 2

3.2 Cross-Sensor Correlation

Table 2 shows weak negative correlations between reference and LCS NO: at all resolutions, with Pearson coefficients
between —0.105 and —0.115. Os showed stronger positive correlations, increasing from 0.352 at 10 minutes to 0.446 at 60
minutes. Spearman coefficients followed a similar pattern. All correlations were statistically significant at p < 0.001.
Figure 1 shows the change in cross-sensor association with temporal aggregation. Figure 1A shows Pearson correlations
for NO:2 and Os across the three resolutions. Figure 1B shows the corresponding Spearman rank correlations.

Table 2. Cross-sensor correlations

Resolution (min) | Pollutant | N Pearsonr | Pearson p | Spearman p | Spearman p
10 NO: 21,490 | -0.105 <0.001 -0.111 <0.001
30 NO: 7,161 | -0.112 <0.001 -0.131 <0.001
60 NO: 3,581 -0.115 <0.001 -0.152 <0.001
10 0Os 22,979 | 0.352 <0.001 0.360 <0.001
30 Os 7,666 | 0.443 <0.001 0.441 <0.001
60 0Os 3,838 | 0.446 <0.001 0.451 <0.001
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Figure 1. Cross-Sensor Correlations (A) Pearson correlation; (B) Spearman correlation.

3.3 Calibration Model Performance

Table 3 shows that multivariate calibration improved model performance compared with simple calibration for both
pollutants. For NO2, multivariate R? increased from 0.056 at 10 minutes to 0.065 at 60 minutes, while RMSE declined
from 14.280 to 13.579. Os showed larger improvements, with the highest multivariate R* of 0.382 at 30 minutes. At the
same resolution, RMSE decreased from 21.952 to 19.258 and MAE from 18.362 to 15.615. All nested model comparisons
were significant at p < 0.001. Figure 2 shows the error differences between simple and multivariate calibration models.
Figure 2A shows NO: RMSE across temporal resolutions. Figure 2B shows NO2 MAE across temporal resolutions. Figure
2C shows Os RMSE across temporal resolutions. Figure 2D shows Os MAE across temporal resolutions.

Table 3. Simple and multivariate calibration performance

Resol | Pollu | N Sim | Multiv | AR | Sim | Multiv | RMSE | Sim | Multiv | MAE Neste | Nes
ution | tant ple | ariate 2 ple | ariate improv | ple | ariate improv | dF ted
(min) R? R? RM | RMSE | ement MA | MAE ement p
SE (%) E (%)
10 NO: |21, |0.01 ] 0.056 0.0 | 14.6 | 14.280 | 2.323 10.7 | 10.410 | 3.002 516.9 | <0.
490 |1 45 |20 32 51 001
30 NO: | 7,1 |0.01 ] 0.061 0.0 | 142 | 13.894 | 2.485 10.4 | 10.129 | 3.152 184.6 | <0.
61 2 48 | 48 58 81 001
60 NO: | 3,5 |0.01 | 0.065 0.0 | 13.9 | 13.579 | 2.666 10.2 | 9.881 3.342 99.31 | <0.
81 3 52 |51 23 2 001
10 Os 22, |0.12 ] 0.292 0.1 | 243 ]21.902 | 10.078 | 20.3 | 17.448 | 14.284 | 2719. | <0.
979 | 4 68 | 56 56 086 001
30 0s 7,6 |0.19 | 0.382 0.1 |21.9]19.258 | 12.274 | 18.3 | 15.615 | 14.959 | 1146. | <O0.
66 |7 85 | 52 62 982 001
60 0s 3,8 10.19 | 0.370 0.1 | 223 ]19.848 | 11.323 | 18.6 | 15.906 | 14.717 | 520.8 | <0.
38 9 71 | 83 51 06 001
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Figure 2. Calibration Error Comparison: (A) NO: RMSE; (B) NO: MAE; (C) Os RMSE; (D) Os MAE.

3.4 HAC-Robust Calibration Coefficients
Table 4 shows the HAC-robust multivariate calibration coefficients. LCS NO: coefficients were negative at all resolutions,
ranging from —0.238 to —0.266. Temperature also showed negative coefficients, while humidity was positively associated
with reference NO:. For Os, LCS coefficients were positive and increased from 0.076 at 10 minutes to 0.105 at 60 minutes.
Temperature coefficients were positive, whereas humidity coefficients remained negative. The major predictor effects
remained statistically significant after HAC adjustment.

Table 4. HAC-robust calibration coefficients

Resolution | Pollutant | N HAC | Term Coefficient | HAC |t P CI Cl
(min) lag SE lower | upper
10 NO: 21,490 | 13 Humidity 0.114 0.022 | 5.136 | <0.001 | 0.071 | 0.158
10 NO: 21,490 | 13 Intercept 12.708 3.222 | 3.944 | <0.001 | 6.393 | 19.024
10 NO: 21,490 | 13 LCS NO: -0.238 0.047 | -5.028 | <0.001 | -0.331 | -0.145
10 NO: 21,490 | 13 Temperature | -0.245 0.073 | -3.375 | <0.001 | -0.387 | -0.103
30 NO: 7,161 | 10 Humidity 0.116 0.029 | 4.081 | <0.001 | 0.061 | 0.172
30 NO: 7,161 | 10 Intercept 12.752 4.175 | 3.054 | 0.002 | 4.567 | 20.937
30 NO: 7,161 | 10 LCS NO: -0.254 0.062 | -4.089 | <0.001 | -0.376 | -0.132
30 NO: 7,161 | 10 Temperature | -0.244 0.096 | -2.552 | 0.011 | -0.432 | -0.057
60 NO: 3,581 |8 Humidity 0.119 0.031 | 3.802 | <0.001 | 0.058 | 0.181
60 NO: 3,581 |8 Intercept 12.793 4.639 | 2.758 | 0.006 | 3.697 | 21.889
60 NO: 3,581 |8 LCS NO: -0.266 0.072 | -3.688 | <0.001 | -0.407 | -0.124
60 NO: 3,581 Temperature | -0.248 0.108 | -2.298 | 0.022 | -0.460 | -0.036
10 0s 22,979 | 13 Humidity -0.496 0.032 | - <0.001 | -0.559 | -0.433
15.364
10 0Os 22,979 | 13 Intercept 77.890 4.583 | 16.996 | <0.001 | 68.907 | 86.872
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10 0s 22,979 | 13 LCS 0Os 0.076 0.007 | 11.421 | <0.001 | 0.063 | 0.089
10 0O 22,979 | 13 Temperature | 0.544 0.116 | 4701 | <0.001 | 0.317 | 0.771
30 0s 7,666 | 10 Humidity -0.486 0.041 | - <0.001 | -0.567 | -0.405
11.818
30 0Os 7,666 | 10 Intercept 75.530 5.929 | 12.739 | <0.001 | 63.907 | 87.153
30 0Os 7,666 | 10 LCS Os 0.098 0.009 | 11.254 | <0.001 | 0.081 | 0.115
30 0Os 7,666 | 10 Temperature | 0.610 0.140 | 4.357 | <0.001 | 0.335 | 0.884
60 0Os 3,838 | 8 Humidity -0.487 0.050 | -9.746 | <0.001 | -0.585 | -0.389
60 0Os 3,838 | 8 Intercept 76.137 7.256 | 10.493 | <0.001 | 61.910 | 90.363
60 0Os 3,838 | 8 LCS Os 0.105 0.012 | 9.018 | <0.001 | 0.082 | 0.128
60 0Os 3,838 | 8 Temperature | 0.586 0.180 | 3.266 | 0.001 | 0.234 | 0.938

3.5 Agreement and Temporal-Resolution Effects
Table 5 shows the combined calibration, agreement, and validation results. NO2> mean bias declined from 0.745 at 10
minutes to 0.685 at 60 minutes, while calibration RMSE decreased from 14.280 to 13.579. Os mean bias remained
substantially larger, ranging from 59.958 to 57.589. Os calibration R? was highest at 30 minutes (0.382). Test R? values
were low for NO: and negative for Os, while test RMSE declined as temporal aggregation increased. Figure 3 shows the
agreement patterns across temporal resolutions. Figure 3A shows NO: agreement at 10 minutes. Figure 3B shows Os
agreement at 10 minutes. Figure 3C shows NO: agreement at 30 minutes. Figure 3D shows Os agreement at 30 minutes.
Figure 3E shows NO: agreement at 60 minutes. Figure 3F shows Os agreement at 60 minutes.

Table 5. Integrated calibration and a

reement results

Pol | Res | Ref | Ref |Ref |Pe | Spe |Cali |Cali |[Cali |M |Lo |Up [Prop |Bi | T | Te | Te
luta | oluti | eren | eren | eren | ars | arm | brati | brati | brati | ea | we | per | ortio |as |es |st | st
nt on ce ce ce on |[anp | on on on n r 95 | nal- - t R | M
(min | N SD |CV |r R? RM |MA |bi |95 | % |bias |m |[R2|M | A
) (%) SE E as | % | Lo | slope | od SE | E
Lo | A el
A R?
NO | 10 21,4 | 14.7 | 101. | - - 0.05 | 142 | 104 | 0. |- 33. | - 0. 0. |18 | 14
2 90 02 656 | 0.1 |0.11 | 6 80 10 74 |31 |05 | 1.533 |50 |01|.7 |.2
05 |1 5 S |1 6 |0 |05 |31
60
NO | 30 7,16 | 143 | 99.0 | - - 0.06 | 13.8 | 10.1 0. |- 32. | - 0. 0. |18 | 14
2 1 39 56 0.1 10131 94 29 72 |30 |28 | 1542 |50 (014 |.0
12 |1 3 8 |4 8 |2 |11 |53
38
NO | 60 3,58 | 14.0 | 96.8 | - - 0.06 | 135 | 9.88 0. |- 31. | - 0. 10. |18 |13
2 1 47 19 0.1 101515 79 1 68 |30 |61 |[1.552 |51 |01|.2 |.9
15 |2 5 2 |2 2 |5 |47 |34
42
Os |10 22,9 126.0 | 496 | 0.3 | 036|029 | 219 | 174 |59 |- 19 | 1.273 0. |- |24 |20
79 27 53 52 10 2 02 48 9 |75 |49 63 0. [.1 |.6
58 1.0 |75 6 |10 ]88 |92
59 6
Os |30 7,66 | 244 | 446 | 04 | 0.44 | 0.38 | 19.2 | 156 | 58 | - 17 11208 [ 0. |- |23 |19
6 93 30 43 |1 2 58 15 d 162 (9.0 65 (0. |.0 |.8
33 1.8 |95 0 [15]96 |39
29 5
Os | 60 3,83 1250 (448 |04 | 045|037 | 198 | 159 |57 |- 17 | 1.162 | 0. |- |22 |19
8 13 92 46 |1 0 48 06 S 159 | 4.6 61 03]
89 | 4 |01 9 (12169 |34
23 4
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Figure 3. Bland—Altman Agreement: (A) NO2, 10 min; (B) Os, 10 min; (C) NOz, 30 min; (D) Os, 30 min; (E) NO.,
60 min; (F) Os, 60 min.

4. Discussion

The results demonstrate that the statistical behaviour of the low cost sensor measurement was significantly impacted by
the temporal resolution, but the impact was different for NO2 and Os. NO: was weakly negatively correlated with all the
reference measurements at all aggregation levels, and Os; was moderately positively correlated with the reference
measurements, with the correlation increasing as temporal aggregation increased from 10 to 60 minutes. The multivariate
models helped to improve calibration, with a modest improvement with NO: and a more significant improvement with
Os. The best calibration for Os in the model was at 30 minutes, with a multivariate R? value of 0.382, and the error metrics
were lower than the simple model. Temporal aggregation thus made for improved statistical stability but did not have a
uniform effect on the benefits. The residual diagnostic also indicated that the ordinary regression assumptions were not
adequately met as heteroscedasticity and high serial dependence were observed in all of the fitted models. Thus, it was
crucial to obtain more reliable standard errors and confidence intervals through the use of HAC-adjusted inference.

The enhanced O; response in multivariate calibration is in line with the fact that pollutant behavior seems to be tightly
coupled to meteorological variability and to larger-scale atmospheric processes. Climatic factors are found to explain
significant percentage of variations in pollutants in different seasons and environmental conditions, which helps to
incorporate temperature and humidity as covariate in the calibration models (Morshed et al., 2024). The present results
show that by adjusting the environment, the calibration of the sensors can be enhanced even if the sensor-reference
relationship is only moderate. The use of distributed low-cost networks has highlighted the need to consider influences
from individual sensors and environment in addition to the raw output of the sensors (DeSouza et al., 2022). The
aggregation over time also decreased a few error and variability metrics. The NO: calibration RMSE values decreased
with time from 14.280 to 13.579 at 10 and 60 minutes, respectively, and the Os calibration RMSE values decreased the
most between 10 and 30 minutes. This is common in many pollutant sensing applications where the concentration of
pollutants is not constant over time, and where averaging over time can mask the effects of short-term variability in the
distributed sensing environment (Coleman & Meggers, 2018). Temporal detail in sensing studies has also shown that
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information at a smaller scale can be gained by temporal detail, with some loss of statistical stability due to the temporal
amalgamation of data (Weissert et al., 2019).

The agreement analysis is a dimension which goes beyond correlation. The mean bias for NO: was small, but the limits
of agreement were wide, and the slope of the proportional bias was negative, while the mean bias for Os was high and
positive and decreased with aggregation. The results show that the improvements in association do not necessarily lead to
the exchangeability of low-cost and reference measurements. Careful reconciliation of systematic differences between
measurement sources prior to fusion or use in an air-quality mapping framework is also essential for distributed sensor-
based mapping of air quality (Schulte et al., 2020). Calibration studies of portable low-cost sensor stations have similarly
shown that sensor performance can vary with pollutant type, environmental conditions, and deployment context (Tarazona
Alvarado et al., 2024). Chronological validation gave a more conservative indication of calibration performance than did
in-sample statistics. For all resolutions despite a more robust in-sample fit, the respective test R* was close to zero for NO:
and negative for Os. This separation suggests that there did not exist a perfect stability of the calibration relationships
during the later observation period. Test RMSE and MAE were decreased by temporal aggregation, but it did not remove
this instability. Studies with a sensor network have indicated that the spatial and temporal coverage can make a significant
contribution to the spatial and temporal representation of concentration fields, but with this increased resolution comes
problems of temporal transferability, changing environmental conditions, and sensor uniformity (Ahangar et al., 2019).
The present results thus indicate that temporal aggregation can have a positive effect on the numerical stability of the
model without being a guarantee of the model's temporal generalization.

These results have implications for practice and statistics. For the Os, the 30-minute interval seemed to give the best
compromise with a larger reduction in calibration error, multivariate R?, and slightly larger test error and narrower
agreement limits, than the 60-minute interval. The difference between the single and aggregated results was small for NO:
suggesting more calibration structure is needed with this pollutant. Therefore, for monitoring applications, the temporal
resolution should be chosen based on the statistics to be evaluated and not necessarily as a measure of better performance.
Some limitations should be noted. The observation of the calibration patterns in this analysis was limited to one monitoring
setting and two gaseous pollutants and may not apply directly to other sites or sensor configurations. To keep the model
simple and interpretable, the calibration models did not include the most common nonlinear and seasonal effects. There
is the potential for future work to consider nonlinear calibration functions, rolling models, adaptive models, and external
validation for further monitoring sites with a focus on agreement and temporal robustness.

5. Conclusion

The impacts of the temporal resolution were very significant on the calibration behavior and agreement of the low-cost
NO: and Os sensors, but were different depending on the pollutant. NO2 showed weak negative correlations with reference
measurements across all three resolutions, whereas Os showed stronger positive correlations that increased with temporal
aggregation. The calibration model with a multivariate (MV) approach using temperature and relative humidity (RH) was
always superior to the calibration model with sensor-only data, especially for Os. The 30-minute resolution yielded the
best in-sample calibration of Os, while the 60-minute aggregation generally improved error reduction and decreased the
limits of agreement. HAC-robust inference corroborated the results and proved the main predictor effects statistically
significant even in the presence of heteroscedasticity and serial dependence. Consistent proportional bias was also
observed across all pollutants using Bland—Altman analysis, suggesting that association and accuracy of measurements
were not necessarily correlated. Chronological validation indicated a limited temporal generalization, especially for Os,
highlighting the importance of out-of-sample temporal validation of calibration models. Overall, the performance of the
low-cost sensors is influenced by the pollutant type, environmental adjustment and temporal resolution, and calibration
strategies should consider these factors for their use in operational air-quality monitoring.
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